Purpose: To determine the diagnostic efficacy of optical coherence tomography ͑OCT͒ to identify cervical intraepithelial neoplasia ͑CIN͒ grade 2 or higher by computer-aided diagnosis ͑CADx͒. Methods: OCT has been investigated as a screening/diagnostic tool in the management of preinvasive and early invasive cancers of the uterine cervix. In this study, an automated algorithm was developed to extract OCT image features and identify CIN 2 or higher. First, the cervical epithelium was detected by a combined watershed and active contour method. Second, four features were calculated: The thickness of the epithelium and its standard deviation and the contrast between the epithelium and the stroma and its standard deviation. Finally, linear discriminant analysis was applied to classify images into two categories: Normal/inflammation/CIN 1 and CIN 2/CIN 3. The algorithm was applied to 152 images ͑74 patients͒ obtained from an international study. Results: The numbers of normal/inflammatory/CIN 1/CIN 2/CIN 3 images are 74, 29, 14, 24, and 11, respectively. Tenfold cross-validation predicted the algorithm achieved a sensitivity of 51% ͑95% CI: 36%-67%͒ and a specificity of 92% ͑95% CI: 86%-96%͒ with an empirical two-category prior probability estimated from the data set. Receiver operating characteristic analysis yielded an area under the curve of 0.86.
I. BACKGROUND AND INTRODUCTION
Cervical intraepithelial neoplasia ͑CIN͒ is a precancerous condition of the uterine cervix before progression to invasive carcinoma. Treatments are recommended for high-grade CIN ͑CINՆ 2͒.
1 Cervical cytology screening, the Papanicolaou test ͑pap smear͒, has proved to be a successful cervical cancer prevention method and is largely responsible for the significant decrease in cervical cancer mortality in the United States. 2 But the program requires a complex infrastructure that is possible to maintain in developed countries but virtually impossible in the developing world. Furthermore, cytology has a low sensitivity ͑53%͒ so that cytology programs are only successful when the patients return regularly for screening. 3 Once the cytology result is abnormal, multiple visits occur, including cervical examination with or without magnification ͓colposcopy or visual inspection with acetic acid ͑VIA͔͒ with biopsies taken for pathological diagnosis and then, eventually, treatment with excision or ablation methods. Quality management for this multivisit care is difficult and overall costs are high. 4 The time required to process the cytology and biopsies also increases the risk of patient loss to follow up. Therefore, there exists a need in low resource environments for a diagnostic evaluation of the uterine cervix at the point of care to allow for a single episode of care or "see and treat" program.
Human papillomavirus ͑HPV͒ testing has been studied as an alternative screening method to cytology. 3, 5, 6 It has a higher sensitivity ͑95%͒ and a lower specificity ͑90%͒ than cytology 3,4 and would benefit from a real-time secondary screening tool.
Optical coherence tomography ͑OCT͒ provides noninva-sive and highly resolved images of backscattering profile from internal tissue microstructure in real-time and has the potential to be a true "optical biopsy." 7 Various research groups have demonstrated OCT images of the uterine cervix in vivo. [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] The visual diagnostic criteria have been proposed to differentiate stages of CIN based on OCT images. 12 A series of clinical studies followed, demonstrating a specificity enhancement when using OCT as an aid to VIA and colposcopy. 15, 17 The diagnostic criteria were mainly based on the observation that high-grade CIN tissue usually lacks the layered architecture or the sharp border characteristic of normal cervix and that normal and low grade tissue are highly unlikely to lack this layered appearance. These diagnostic criteria are quantifiable and can be converted into a computer-aided diagnosis ͑CADx͒ algorithm to assist and accelerate image interpretation.
CADx algorithms are image analysis and classification technologies to identify abnormalities in medical images, which provide an objective, quantitative interpretation as a "second opinion" for clinicians' diagnosis and therapy. 18, 19 These algorithms were developed for OCT images of other organs to investigate the diagnostic power. 20, 21 CADx algorithms will be more important when large numbers of images need to be interpreted and as OCT imaging speed increases. Zuluaga et al. 13 reported a higher average epithelial intensity in abnormal tissue than in normal tissue in premenopausal women. Turchin et al. 22 proposed a scattering model based on the radiative transfer equation, which showed the potential for cervical tissue classification. However, these studies neither demonstrated a fully automated CADx algorithm which is critical in a clinical setting, nor evaluated the diagnostic power of the proposed image features. The diagnostic efficacy of CADx to identify abnormality still needs to be determined, which will justify whether CADx should be incorporated into CIN diagnosis using OCT.
In this paper, a fully automated CADx algorithm is proposed to identify OCT images of high-grade CIN ͑Ն2͒. Image features were quantified and evaluated using cervical OCT images with histopathologic correlations to evaluate the diagnostic efficacy.
II. MATERIALS
All images were obtained from an international study approved by The Cleveland Clinic, Cleveland, OH, USA and The Hospital Maternidad Nuestra Senora de la Altagracia, Dominican Republic. Patients who were diagnosed with an abnormal Papanicolaou test or with suspicious lesions of the uterine cervix as determined by VIA, colposcopy, or both VIA and colposcopy were eligible for the study. Enrolled patients were imaged with an OCT device ͑Niris© Imaging System, Imalux© Corporation, Cleveland, OH͒ under VIA and/or colposcopy guidance. The device operated at 980 nm center wavelength and having a lateral resolution of 25 m and an in-depth resolution of 11 m, respectively. Light was guided by an optical fiber within a flexible cable ͑2.7 mm in diameter͒. The imaging probe was placed perpendicularly to the tissue surface and the tissue was slightly compressed. An electromechanical actuator at the distal end steered the light for lateral scanning. A single-use probe sheath with a transparent end cap was utilized for patient protection and for facilitating the probe positioning. The frame rate was 0.67 frames per second with 200ϫ 200 pixels in each frame. Readings were taken from 2, 4, 8, and 10 o'clock locations ͑four quadrants͒ at the cervical squamous columnar junction as well as any additional abnormal areas found by VIA and/or colposcopy. A biopsy was subsequently obtained from each OCT image site. The exclusion criteria for image/ biopsy sites are ͑1͒ multiple histopathological diagnoses present according to biopsies from the same quadrant, ͑2͒ image acquisition failure ͑e.g., due to loose contact and displacement between the scanner and the tissue͒, and ͑3͒ sites without histopathologic results available. Based on these exclusion criteria, 152 OCT images ͑74 patients͒ from 1215 images ͑212 patients͒ were selected for this study to investigate the feasibility of CADx for cervical cancer. The numbers of normal/inflammatory/CIN 1/CIN 2/CIN 3 images are 74, 29, 14, 24, and 11, respectively.
III. METHODS
It has been observed that OCT images of healthy cervix exhibit a clear two-layered structure, 12, 22 which can be seen in Fig. 1 . The first layer is the epithelium. It is normally 200-400 m thick and delineated from the second layer, the stroma, by a sharp boundary at the basement membrane. The stroma is more highly scattering than the epithelium and therefore appears brighter in the OCT image. The thickness of the epithelium and the intensity contrast between the epithelium and the stroma vary little within a single OCT image of normal cervix. As CIN progresses, the two-layered structure becomes much less distinct and regular. The intensity contrast between the first and second layers decreases. In fact, for CIN 2 and CIN 3, the two-layered structure is usually not readily observable. These changes are likely to be caused by the different scattering properties between normal and neoplastic epithelial cells. The scattering coefficient of neoplastic cells is higher than that of normal epithelial cells 23, 24 and therefore closer to the scattering coefficient of the stroma. The scattering contrast between the neoplasia and stroma is low, the basement membrane is obscured, and the apparent boundary ͑if any is observable͒ in CINՆ 2 may be at the boundary between neoplastic and normal epithelium, more superficial than the basement membrane. It is important to note that the OCT appearance of normal cervix is very consistent, while the OCT appearance of high-grade CIN is highly variable. The presence of the clear boundary likely indicates normal or low grade tissue, while the disruption of the boundary is very likely to indicate high-grade CIN. Therefore, the strategy adopted for this CADx algorithm was to detect the presence of a clear epithelial-stromal boundary. This is accomplished by the automated segmentation of the epithelium. The flow chart of the algorithm is shown in Fig. 2 .
III.A. Epithelium segmentation
The epithelium was automatically segmented in the OCT images by detecting the upper probe-tissue interface and the lower boundary between epithelium and stroma. The basement membrane is less than 1 m and is not resolved as an additional layer in the OCT images. The probe-tissue interface was detected by the watershed algorithm on the gradient images. 25 The gradient images were preprocessed by the minimum imposition method to avoid oversegmentation, so that the watershed algorithm labeled all the tissue as one region and the background as another. The boundary between the epithelium and stroma was detected by the active contour algorithm. The active contour uses a series of anchor points to approximate a boundary by considering both the image gradient and the curvature of the estimated boundary. 26 In the conventional active contour algorithm, a 2-D neighborhood around each anchor point is searched, which tends to shorten the length of the contour. For this work, the algorithm was modified to limit the searching neighborhood to one column. The anchor points therefore only moved vertically so that the contour was not shortened in the horizontal direction during iterations.
III.B. Feature calculation
Based on previously proposed diagnostic criteria and the observations, four image features were quantified from the segmented boundaries to characterize the cervical layered structure as follows: ͑1͒ The epithelial thickness. The thickness in the normal images tends to be greater. The area of epithelial tissue was first calculated. The thickness was defined as the area divided by the width of the image. ͑2͒ The standard deviation of the thickness within the image. Because the abnormal tissue tends to have a less smooth boundary, the thicknesses along the A-scans tend to have a larger variance. The epithelial thickness in each A-scan was calculated. The standard deviation of the 200 thicknesses was calculated. A smaller standard deviation represented a more consistent thickness of the epithelium. ͑3͒ The contrast between the epithelium and stroma. It is observed that the contrast in the images of normal tissue is greater. The contrast was quantified as the difference between the average pixel intensity of the lower layer ͑stroma͒ and the average pixel intensity of the upper layer ͑squamous epithelium͒ divided by the sum of those two average intensities. Here, the lower and upper layers were restricted to a region of 100 m in depth, where the center line was the epithelial-stromal boundary. The depth of 100 m was chosen to ensure that the field of view of the calculation included only tissue because the minimal epithelial thickness calculated was approximately 50 m. ͑4͒ The standard deviation of the contrast within the same image. The contrasts of the individual A-scans tend to have a higher variance in abnormal tissue because of the irregular boundary. Calculating the contrast between the epithelium and the stroma along each A-scan introduced a large variance from the speckle noise. Therefore, each image was divided into 20 sections, with ten consecutive A-scans in each section. Contrast was calculated for each individual section so that the speckle variance was averaged but the structural variance was maintained. The standard deviation of the twenty values was calculated.
III.C. Classification
The images were classified into two categories: Normal/ CIN 1/inflammation and CIN 2/CIN 3. One-way unbalanced analysis of variance ͑ANOVA͒ was performed on each quantified feature to test if the two categories had a significant difference in mean ͑F-test with the null hypothesis that the means have no difference; p-valueϽ 0.01͒. 27 Features exhibiting a significant difference in mean were chosen, normalized, and evaluated using principal component analysis ͑PCA͒ to determine the correlation among the features. 28 The first several principal components representing more than 90% of the variance of the original features were then chosen as input to the classifier. Linear discriminant analysis ͑LDA͒ was then applied to classify the images into two categories. 29 LDA can be understood as a linear projection of the features to the plane in feature space where the two categories are maximally separated. To provide an estimate for the overall accuracy, tenfold cross-validation was applied. Nine-tenths of the images were used to train the LDA and one-tenth of them were classified. This training-validation process was repeated ten times so that every image was used for validation. The classification results from the validation set were utilized to estimate the overall sensitivity and specificity. By varying the prior probability of the two categories, the receiver operating characteristic ͑ROC͒ curve was plotted.
All the analysis work presented here was carried out using standard functions available in the image processing and statistics toolboxes in MATLAB ͑The MathWorks, Inc., Natick, MA͒.
IV. RESULT

IV.A. Epithelium segmentation
Representative images of normal and CIN images are shown in columns 1 and 3 in Fig. 1 . The typical layers of epithelium ͑EP͒, basement membrane ͑BM͒, and stroma ͑ST͒ can be clearly identified in Fig. 1͑a͒ . The results of the automated segmentation method on the selected representative images are shown in columns 2 and 4. Rows 1-3 are normal, CIN 2, and CIN 3 images, respectively. The probe-tissue interface was obvious and was readily detected with few errors, as indicated by the white curves and arrows. A distinct well-defined, sharp boundary between the epithelium and stroma was consistently observed in normal images, but usually less obvious or even missing in images of high-grade CIN. The active contour algorithm accurately estimated the boundary with a curve when the boundary was clear. If the boundary was vague or did not exist, the algorithm would still provide a boundary estimate, but the curve tended to be located near the probe-tissue interface, influenced by the strong boundary of the probe-tissue interface and strongly affected by other high contrast features within the tissue. The results of the active contour algorithm were indicated by black curves and arrows in Fig. 1.   FIG. 3 . Box plots of the four quantified image features. On each box, the central mark is the median, the edges of the box are the 25th and 75th percentiles, the whiskers extend to the most extreme data points not considered outliers, and the outliers are marked by the plus sign. ͑a͒ The thickness. ͑b͒ The standard deviation ͑Std͒ of thickness within an image. ͑c͒ The contrast. ͑d͒ The standard deviation of contrast within an image. The p-values are from F-tests with the null hypothesis that the means have no difference.
IV.B. Feature calculation
Four image features were calculated from all images and are summarized in the box plots shown in Fig. 3 . On each box, the central mark is the median, the edges of the box are the 25th and 75th percentiles, the whiskers extend to the most extreme data points not considered outliers, and the outliers are marked by the plus sign. The normal/CIN 1/inflammation category had higher median thickness ͓Fig. 3͑a͔͒ and contrast ͓Fig. 3͑c͔͒ than the CIN 2/CIN 3 category and the standard deviations were smaller ͓Figs. 3͑b͒ and 3͑d͔͒, which is consistent with the observations.
IV.C. Classification
All four image features had significant differences in means between two categories ͑Fig. 3, all p Ͻ 0.01͒ and therefore were considered potential features. PCA yielded four principal components which represented 38%, 32%, 18%, and 13% of the variance of four-dimensional feature space, which indicated that the four features were not highly correlated and therefore not redundant. Consequently, all four features were employed for classification by means of LDA, using tenfold cross-validation. The accuracy of the classification can be visualized using the ROC curve plotted in Fig. 4 . The area under the curve is 0.86. The image data set was used to obtain an empirical prior probability that 77% images were normal/CIN 1/inflammation and 23% were CIN 2/CIN 3. Using this prior probability or, in other words, the decision threshold yielding the lowest total number of misclassified images, the algorithm achieved two-category classification with a sensitivity of 51% ͑95% CI: 36%-67%͒ and a specificity of 92% ͑95% CI: 86%-96%͒ as indicated by the arrow in Fig. 4 and summarized in Table I .
V. DISCUSSION
The objective of the study was to determine the diagnostic efficacy of OCT to identify CIN grade 2 or higher by CADx.
The OCT images were obtained under VIA and/or colposcopy guidance. Therefore, this study did not validate the efficacy of OCT as a primary CIN screening tool. However, the demonstrated high specificity suggests that further investigations incorporate OCT imaging with CADx as a secondary screen after a primary screening modality such as HPV testing. An accurate and rapid CADx algorithm may assist examining clinicians by analyzing the image sequence and identifying patients with normal-appearing cervical epithelium, which therefore do not require treatment. Results from the primary screening modality could later provide the final diagnosis for the patients with positive OCT examination. For point of care use, the immediate analysis provided by CADx is necessary. In the present study, the algorithm required approximately 50 s per image for processing. However, by optimizing the algorithm and by employing parallel computing technology and the Cϩϩ programming platform, the computation time may be reduced to a fraction of a second, enabling real-time analysis.
Among the 1063 excluded images, approximately twothirds were from quadrants with multiple histopathological conditions present according to biopsy diagnosis. These image-biopsy sites were excluded because there was no oneto-one correspondence available between OCT and histopathology. Approximately one-third of the excluded OCT images were not of sufficient quality for diagnosis. These images failed either because of motion artifact due to probe displacement during imaging or because of degradation of image signal due to loose probe-tissue contact. There were also approximately 20 cases when the biopsy results were not available due to errors in histology processing.
The proposed algorithm seeks to detect a sharp and smooth boundary within the normal range of the basement membrane in images of normal, CIN 1, and inflamed tissue. The active contour algorithm serves well the purpose of boundary detection and the extracted features further define the appearance of a normal boundary. All 74 normal images were correctly classified. Images of CIN 1 and inflammation seem to have variable characteristics between normal and high-grade CIN tissues. Most of them exhibit regular layered structure but with slightly lower contrast than normal images, while the layered structure was severely disrupted or absent in the misclassified images. Of the 14 CIN 1 images, 11 were correctly classified and three were misclassified as high-grade CIN. Of the 29 inflammation images, 23 were correctly classified and six were misclassified as high-grade because their appearance is similar to high-grade CIN. CIN. Among the high-grade CIN images, the layered structure was less likely to be observed but it was present in some images, which is one reason for the moderate sensitivity. Thirteen of the total 24 CIN 2 images were misclassified as low grade. Five of the total 11 CIN 3 images were misclassified as low grade. Among the misclassified CIN 2/CIN 3 images, eight had layered structure in the images similar to those of normal tissue ͓e.g., Fig. 1͑k͔͒ . Examples are shown in Fig. 1 , where Figs. 1͑k͒ and 1͑h͒ were misclassified, whereas Figs. 1͑e͒ and 1͑i͒ were correctly classified. A limitation in the method is that the active contour algorithm requires the imaging probe to be in complete contact with the tissue. Otherwise, the gap between the probe and the tissue results in a strong boundary, which attracts the active contour, resulting in mis-segmentation. Two CIN 2 images and four CIN 3 images were misclassified by the CADx algorithm due to the irregular contact of the probe with the tissue. Figures 5͑c͒ and 5͑d͒ show an example of a CIN 3 image misclassified for this reason. This type of misclassification could be mitigated if the actual tissue surface is detected by a more sophisticated edge detection algorithm. In that case, the gradient at the surface will not be calculated so that the gap no longer affects the active contour. The image features utilized for classification in this study were selected based on experience from a series of cervical OCT imaging studies 12, 14, 15, 17 and on previously published observations of the scattering properties of cervical tissue. 23, 24 Numerous other image features could be quantified and analyzed for classification of cervical neoplasia. For example, texture analysis has been investigated for classifying other tissue based on OCT imaging 20, [30] [31] [32] and could potentially be applied to improve the performance of CADx for CIN. However, feature mining would require a larger image data set with more high-grade cases.
Other improvements may be valuable to translate OCT with CADx technology for clinical utility. Improving image quality will always improve image analysis. An OCT probe and system capable of faster scanning would reduce motion artifacts and improve the yield of diagnostic quality images. Increasing resolution improves contrast and detectability of fine features and has been shown to detect finer structure in gastrointestinal tissue. 33 An image quality assessment algorithm could identify images of low quality automatically and improve the robustness of the method. The OCT images included in this study were mostly of high quality, but image quality may be compromised by loose contact between the probe and tissue, probe displacement, or orientation of the probe with the tissue. By automated detection of images of low quality or with artifacts, the operator could be alerted in real-time to obtain adequate images and inadequate images could be rejected from analysis. More information could be incorporated into the CADx algorithm. Patient information was not available for this study, but the incorporation of information such as age and menopausal status may improve diagnosis based on OCT imaging. For example, it has been shown that the endometrium of postmenopausal women is much thinner than that of premenopausal women, which suggests that menopausal state may also affect epithelial thickness.
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VI. CONCLUSION
In conclusion, a CADx algorithm has been described to differentiate CIN 2/CIN 3 from normal/CIN 1/inflammation based on OCT images. The accurate segmentation of epithelium is the critical step for this algorithm. The classifying criteria are consistent with human interpretation. The high specificity suggests a possible role for CADx assisted OCT as a secondary screening technology to be combined with highly sensitive primary screening tests currently used in cervical cancer screening algorithms.
